Motivation: Knowledge of how proteomic amino acid composition has changed over
Introduction
Amino acid composition is one of the most basic features of a proteome. Proteomic surveys have naturally included analysis of this feature (Gerstein, 1998) , and as the number of proteomes available for analysis has grown, it has become evident that this feature displays considerable variation. (See, for example, the Proteome Analysis database (Pruess et al., 2003) .) Perhaps the simplest, and best studied, explanation of this variation is the range in underlying genomic G+C content, a relationship that has been investigated over several decades (Sueoka, 1961; Knight et al, 2001 ). However, there are other determinants of proteomic amino acid composition, such as the optimal growth temperature of an organism (Kreil and Ouzounis, 2001; Saunders et al., 2003) . Given the range of amino acid compositions observed and factors that influence amino acid composition, it is clear that this proteomic feature evolves.
One approach for estimating the amino acid composition of an ancestral protein set is to infer the ancestral sequences of a contemporary protein set and then compute the composition of the inferred sequences (Di Giulio, 2001 ). However, existing methods for reconstructing ancestral protein sequences, maximum likelihood (ML) and maximum parsimony (MP), have limitations that compromise their ability to provide accurate estimates of ancestral sequence composition. Traditional ML methods require an assumption of the amino acid composition of the sequences being reconstructed, and it is usually assumed that the composition of the ancestors is the same as that of extant descendants (Yang et al., 1995) . This requirement inherently limits the application of traditional ML methods to the problem of estimating ancestral amino acid composition.
Although MP does not require any assumption regarding the composition of ancestral sequences, because it is less accurate at inferring ancestral sequences than ML (Yang et al., 1995) , an ML-based method is preferable.
We have previously described a method for estimating ancestral amino acid composition that used MP to partially infer ancestral protein sequences in order to identify conserved residues in modern sequences. Following Bayes' Rule, the amino acid composition of such conserved residues, as well as the relative probability of conservation of each amino acid over the course of evolution, were used to estimate the amino acid composition of the full-length ancestral sequence set .
Here we describe an alternate approach, based on ML sequence reconstruction (Yang et al., 1995) , that uses expectation maximization (EM) (Dempster et al., 1977) to relax the requirement that the amino acid composition of the ancestral sequence be known a priori. Compared with the one we described previously, the new approach more fully at Serial Record on April 9, 2010 http://bioinformatics.oxfordjournals.org Downloaded from exploits models of amino acid substitution and makes estimates based on information present in both conserved and non-conserved residues. Although EM has been used to address other problems of sequence analysis and phylogenetic inference, the current application is entirely novel.
Galtier and Gouy (1998) previously described a ML approach for estimating the ancestral G+C content of a group of nucleotide sequences. Our approach is similar to theirs in some respects. However, Galtier and Gouy use the Newton-Raphson method to estimate several parameters of their model other than ancestral G+C frequency, including the equilibrium G+C content in each lineage. Because such an approach is unlikely to be applicable to protein sequences due to the substantially larger number of parameters required to be estimated, we make the simplifying assumption of constant equilibrium amino acid content in all descendant lineages (i.e., a single substitution matrix across all lineages).
When our approach was tested on simulated protein data, it was found that the procedure consistently converges, and that the accuracy of the estimates improves as the number of residues in the sequence alignment grows. We then estimated the amino acid composition of a set of 65 proteins that date to the LUA, and found that tyr, trp, thr, ser, phe, leu, gln, cys and asp occur more frequently, whereas val, ile, his, and glu occur less frequently, in all eight modern species than in the LUA. The frequencies of the remaining amino acids were lower in some and higher in other species relative to the LUA. These inferences are largely consistent with observations made in previous analyses that relied upon very different MP-based methods .
The consensus between the various approaches taken to date indicate those amino acids at Serial Record on April 9, 2010 http://bioinformatics.oxfordjournals.org Downloaded from for which our findings are most likely to be reliable (see Discussion). Additionally, the inferred amino acid composition of the protein subset in the LUA is more similar to that of modern day thermophilic organisms than to that of mesophilic ones, supporting the theory that the LUA was thermophilic.
Algorithm and application
Estimating ancestral states using ML Given a sequence alignment and an assumed phylogenetic tree relating these sequences to one another, ML can be used to infer a probability distribution over all amino acids at the root node of the tree; in assigning this distribution, the likelihood of the residues observed at the external nodes of the tree (i.e., in the modern-day sequences) is maximized (Yang et al., 1995) . Several assumptions are necessary to make ML inferences of ancestral sequences mathematically tractable. A Markovian process of evolution at each site and independence between sites are assumed. Substitution probabilities for amino acids over the course of evolution are needed; these are typically obtained from empirically derived substitution matrices such as those of Jones et al. (1992) . In addition, as noted earlier, a prior distribution of amino acids must be assumed at the root of the tree. (For a full description of ML ancestral sequence reconstruction, see Yang et al. (1995) .)
We briefly illustrate the ML method for reconstructing ancestral sequences with an example, at the same time introducing some necessary notation. Assume we are given a set of four aligned extant protein sequences, as well as a tree that represents the phylogenetic relationship of these sequences (Figure 1 ; only the tree is shown, with at Serial Record on April 9, 2010 http://bioinformatics.oxfordjournals.org Downloaded from external nodes 1-4, internal nodes 5-7, and internal node 7 as the root node r). The data at site j within these aligned sequences are represented by x (j) = {x 1
} where
gives the amino acid in the i-th extant sequence at site j. Similarly,
, y 6
} are the amino acids assigned to the internal nodes of the tree, where y i (j) is the amino acid for the i-th node of the tree at site j. For site j within the aligned sequences, the probability of observing data x (j) is given by:
where θ refers to the branch lengths of the phylogenetic tree, which we assume to be fixed (these are estimated as described in a subsequent section); p(i) is the prior probability of amino acid i at the root (i.e., given by the ancestral amino acid composition); and f(x ;θ) is the conditional probability of observing the data x (j) given that the reconstruction of the root node at site j is y r (j) . In terms of the tree shown in ;θ) can be evaluated by summing over all possibilities of y (j) :
where P (u,v,w) represents the probability that amino acid v is the observed replacement for amino acid u in time unit w, each time unit coming from the appropriate branch length within the tree.
Using Bayes Law, the probability distribution of residues at the root for site j, f(y r (j) | x (j) ;θ), is given by: Given the assumption of independence between sites, the probability of observing the entire sequence alignment is given by:
and the corresponding log-likelihood score l is:
For emphasis, we restate that to compute f(x; ) or l, p(i) must be assumed. In the following section, we describe how to use EM to find p(i).
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Application of EM
EM is a general approach to maximum likelihood parameter estimation in statistical models with hidden variables or missing data (Dempster et al., 1977) . Essentially, EM alternates between estimating the parameters and estimating the missing data; however, instead of computing a single value for each missing datum, EM computes a probability distribution. More formally, EM calculates the expected value over the missing data of the log-likelihood score of the observed and missing data as a function of the parameters (E-step), and then re-estimates the parameter values to maximize this expectation (Mstep). These steps are repeated until the computed values of the parameters converge.
The EM algorithm guarantees that the log-likelihood of the observed data (with the hidden data marginalized) will increase monotonically in each iteration.
Here, the amino acid frequencies of the ancestral sequence at the root, p(i), are the parameters to be estimated, the observed data are the aligned modern-day sequences, and the missing data are the true residues in their ancestral sequence. EM can be applied to estimate the ancestral amino acid composition in the following manner:
• Assume an initial ancestral sequence composition p(i).
• E-step:
1. For each site j, estimate the probability distribution of residues at that site at the root, f(y r (j) |x (j) ; ), using Eq.3 and our current estimate of the ancestral sequence composition p(i). The E-step and M-step are iterated until convergence. In practice, we halt the EM procedure when the change in the log-likelihood score, l, between consecutive iterations does not differ by more than 0.0001. This occurs concomitantly with the stabilization of the estimate of p(i). We thus arrive at a final estimate of p(i). Note that this estimate is not based on an explicit reconstruction of the ancestral sequence.
Application of approach to simulated data
We first tested our approach on simulated sequence data. Because we wished ultimately to apply it to a set of sequences present in the LUA, ancestral sequences were generated with the same amino acid composition as that which we previously estimated for the LUA . Six sets of simulated sequence data were generated, starting with ancestral sequences of 300, 1,500, 4,000, 9,000, 15,000, and 20,000 residues in length. For each ancestral sequence, a set of eight descendants was generated based on an assumed phylogenetic tree relating those descendants When applying our approach to the simulated sequences generated as above, we assumed the same model of evolution (i.e., substitution matrix) as was originally used to generate it. To obtain a phylogenetic tree, the program "protdist" in the phylogenetic software package PHYLIP (Felsenstein, 1993) was used to create a distance matrix for the set of aligned descendant sequences, and an unrooted tree based on this distance matrix was built using PHYLIP's neighbor-joining (Saitou and Nei, 1987) program. The tree was midpoint rooted.
Application to real sequence data
Sixty-five proteins dating to the LUA were selected as described in detail previously . In brief, the selected proteins were required to be present in the three primary lineages (eubacteria, archaea, and eukaryotes), and not to show evidence of horizontal transfer. Consequently, such proteins may be inferred to have a lineage that extends back at least to the LUA. The complete protein set was collected for each descendant species included in the analysis (Aquifex aeolicus, Thermotoga maritima, Synechocystis PCC6803, Bacillus subtilis, Escherichia coli K12, Saccharomyces cerevisiae, Methanobacterium thermoautotrophicum, and Archaeoglobus fulgidus).
Sequences were aligned using the default parameters of ClustalW (Thompson et al., 1994) . Alignment positions that contain gaps were deleted, leaving a final alignment of 19,349 residues. As with the simulated data, neighbor-joining was used to infer the tree topology and branch lengths, and the tree was midpoint rooted. 
Results
Assessment of method on simulated sequence data
We first assessed the behavior and performance of the method on the sets of simulated data. We investigated whether the approach consistently results in a particular solution, irrespective of the initial p(i) assumed. To this end, the method was first applied to the smallest data set (containing an alignment of length 300), using different initial compositions for the first iteration of nine separate trials. These initial compositions were: 1) that of the known ancestral sequences; 2) that of the descendant sequences; 3) one in which all amino acids were used with equal frequency; 4) an 'extreme' composition in which alanine was used with a frequency of 0.9981 and all other amino acids were used with a frequency of 0.0001; and 5-9) five compositions that were randomly generated. The approach consistently reached the same solution regardless of the composition assumed for the first iteration (data not shown). For the remaining datasets, the first three starting compositions given above were tried, and they also led to a single solution. Convergence took between thirteen and twenty-two iterations, depending on the size of the dataset and the initial composition. As expected with EM, the log-likelihood score, l, increased with each iteration until convergence. We next determined how performance of the method changes with alignment length. Measuring average relative error as:
we found that the error decreased as the number of residues in the set increased ( Figure   2 ). At 20000 residues, the average relative error was very small (0.023). 
Application to the LUA data set
The method was then applied to the set of sixty-five real proteins present in each of eight species for which the last common ancestor is the LUA. Table 1 lists the estimated amino acid composition of this set of proteins in the LUA, the average composition of the set in the modern species, and the composition of the set in each of the eight modern species. Four amino acids, val, ile, glu, and his, are inferred to have decreased in frequency in this sequence set between the LUA and each of the modern species, whereas nine amino acids, phe, tyr, cys, trp, leu, gln, asp, ser, and thr, are inferred to have increased in frequency. The frequencies of the remaining amino acids are greater in some of the modern species and lower in others relative to their inferred frequency in the LUA.
Comparison of LUA amino acid composition with that within modern day mesophiles and thermophiles
We sought to determine whether the amino acid composition inferred for the set of sixty-five proteins in the LUA is more similar to the known composition of the identical set of proteins in either extant mesophiles or extant thermophiles. The Euclidean distance between pairs of vectors of amino acid frequency was used as a measure of similarity.
The amino acid composition was calculated for the protein set in three mesophilic extant species and that inferred in the LUA was calculated. The mean distance between the amino acid composition observed in these three modern day thermophiles and that inferred for the LUA is 0.001747, with a standard deviation of 0.000719. Comparing compositions observed in the modern day mesophiles with that inferred for the LUA, these values are 0.005056 and 0.001207, respectively. Thus it is evident that the amino acid composition estimated for the LUA is more similar to that observed in modern day thermophiles than in modern day mesophiles, the difference being significant at a P-value of 0.05 (based on a Student's t test).
Discussion
We have presented a method for inferring the amino acid composition of a set of ancestral proteins using ML ancestral sequence reconstruction and EM. On simulated sequence data, the approach leads to identical solutions, starting from several varied amino acid compositions assumed for the initial iteration. These solutions may or may not represent a global optimum: although we started from several randomly generated and one 'extreme' assumed composition, it is theoretically possible, though not likely, that all of these were in the vicinity of a single local maximum. Thus, as with any EM procedure, it is advisable to repeat the method with several different initial starting points. Nevertheless, in practice, the method appears likely to perform well on real sequences when the initial composition assumed is equal to that of the descendants.
Moreover, the average relative error in estimates of ancestral amino acid frequencies on simulated data decreases with an increase in the size of the data set, most likely because of the stochastic nature of the underlying evolutionary process. On alignments of 20,000
at Serial Record on April 9, 2010 residues (approximately the length of the LUA protein set considered), the average relative error in estimates is small.
The approach was applied to a set of sixty-five proteins dating to the LUA to estimate the amino acid composition of that set in that ancestor. Comparing the estimated ancestral composition with the observed amino acid composition of the protein set in each of eight modern species, we inferred those amino acids that have increased in frequency between the LUA and today, and those that have decreased. In the past, we have used such inferences to deduce which amino acids were added to the genetic code relatively early and which were added later, assuming that those amino acids that have decreased in frequency over evolution were early additions to the code, and vice versa . According to this rationale, the findings of the current analysis suggest that val, ile, glu, and his were early, and phe, tyr, cys, trp, leu, gln, asp, ser, and thr were late additions to the genetic code. The data do not permit inferences to be drawn for the remaining amino acids. Four of these inferences differ from those of a previous study . In that study, thr, ser and asp were inferred to be early additions, whereas glu was inferred to be a late addition to the genetic code. Because of this discrepancy, we consider these predictions to be questionable. The remaining inferences regarding the relative order of addition of amino acids to the genetic code are consistent with those of our two earlier analyses . In those studies, two general tendencies were observed. First, amino acids that are believed to have been relatively rare in the prebiotic environment, based on experimental simulations of the prebiotic environment (Miller, 1987) and analysis of the Murchison meteorite (Kvenvolden et al., 1970) , most particularly cys, phe, at Serial Record on April 9, 2010 tyr, and trp, were inferred to be late additions to the code, whereas amino acids believed to have been more abundant, such as val and ile, were inferred to be early additions . Second, most of the amino acids inferred to be later additions to the code were assigned YNN codons (that is, codons with a pyrimidine in the first codon position), whereas those inferred to be earlier additions were generally assigned RNN codons (Trifonov, 2000; Brooks and Fresco, 2003) .
Our findings are also relevant to the ongoing debate over whether the LUA was likely to have been mesophilic or thermophilic (Bocchetta et al., 2000; Brochier and Philippe, 2002) . Whereas the inferred moderate G+C content of the small-and large-subunit rRNA of the LUA has been interpreted as evidence for its having been a mesophile (Galtier et al., 1999) , the inferred amino acid composition of two proteins in the LUA (using a method distinct from ours) has been interpreted as evidence for its having been a thermophile (DiGiulio, 2001) . The findings presented here are consistent with the latter study: we find that the amino acid composition of the set of sixty-five proteins in the LUA inferred using our new method is more similar to the composition observed in extant thermophilic species than in extant mesophilic ones.
In this investigation, we have inferred the amino acid composition of a subset of the proteins in the LUA, not of its entire proteome. The set of ancient, conserved proteins analyzed in the study is composed largely of ribosomal proteins, aminoacyl-tRNA synthetases, polymerases and nucleic acid cleaving enzymes. Due to their need to interact with nucleic acids, these proteins might be expected to use the positively charged amino acids lys and arg more frequently than the proteome as a whole. Although this is in fact observed, the negatively charged amino acids glu and asp also occur more at Serial Record on April 9, 2010 frequently in the set of 65 proteins than in the whole proteomes (Table 1 ). These observations are not surprising since these proteins do not generally display skewed isoelectric points. Such differences in amino acid composition between this dataset and the entire proteomes suggest that our analysis might not extend to the ancestral proteome in every detail; nevertheless, the analysis was consistently performed on the same set of proteins, and we expect that the general trends observed are likely to be true.
Furthermore, the 65 ancient, conserved proteins included in our investigation presumably partly retain and reflect the amino acid composition of proteins in the LUA in ways that less ancient proteins in extant proteomes do not, since many of the residues within these proteins have remained unchanged since that early ancestor. Ignoring any bias that may have arisen due to the structural and/or functional requirements of this particular protein set (as discussed above), the modern composition of these proteins should be intermediate between the composition of the set in the LUA and the composition of the modern complete proteomes. Accordingly, it is expected that amino acids that are present at a higher frequency in the set than in modern proteomes have experienced a decrease in frequency since the LUA, whereas those that are present at a lower frequency in the set have experienced an increase. Based on the observed data, this rationale suggests that ala, arg, asp, glu, gly, his, lys, pro, and val have decreased and asn, cys, gln, ile, leu, met, phe, ser, thr, trp, and tyr have increased in frequency since the LUA. This is in agreement with all but two (ile and asp) of the thirteen inferences made in this paper regarding the change in amino acid frequency since the LUA. Thus, comparisons between the modern-day 65 protein dataset and the entire proteomes agree, at Serial Record on April 9, 2010 at least qualitatively, with the more rigorous analyses performed by our computational method in comparing the same 65 proteins with the inferred composition of its ancestors.
Although we have described a well-justified theoretical approach for estimating the amino acid composition of a set of ancestral sequences through analysis of modern day ones, the estimate made of the amino acid composition of the LUA protein set should not be viewed as definitive. Rather, it represents an attempt, among others we have made, to investigate this problem. Given that estimates resulting from this approach are inherently sensitive to the substitution probabilities assumed, the introduction of, for example, lineage-specific evolutionary models, or rate variation among sites, would be expected to increase their accuracy. We anticipate that such advances will be forthcoming. . Superscripts are omitted in the figure. Branch lengths between adjacent nodes are represented by t 1 -t 6 . This tree is represented in Newick format as ((x 1 :t 1 ,x 2 :t 2 ):t 5 ,(x 3 :t 3 ,x 4 :t 4 ):t 6 ). Successively nested parentheses indicate increasingly inclusive clades of taxa. The comma within each set of parentheses separates the taxa to be clustered; the taxon indicator comes first, followed by the length of the branch connecting it to the node that is the last common ancestor of the joined taxa. 
